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METHOD AND COMPUTER PROGRAM
PRODUCT FOR PRODUCING A RECORD
CLUSTERING WITH ESTIMATED
CLUSTERING ACCURACY METRICS WITH
CONFIDENCE INTERVALS

COPYRIGHT NOTICE AND AUTHORIZATION

Portions of the documentation in this patent document
contain material that 1s subject to copyright protection. The
copyright owner has no objection to the facsimile reproduc-
tion by anyone of the patent document or the patent disclo-
sure as 1t appears in the Patent and Trademark Office file or
records, but otherwise reserves all copyright rights whatso-
ever.

BACKGROUND OF THE INVENTION

In the domain of entity resolution, entity resolution in
large datasets (millions to billions of records or more, often
referred to as “big data™) can be performed using machine
learning. Constructing a machine learning model (“train-
ing”’) 1s typically an 1terative process, where at the end of
cach iteration the accuracy of the proposed clustering pro-
duced by the model 1s assessed to determine whether 1t
meets established goals, or whether additional training 1s
needed 1n order to address some deficiency. Furthermore,
once the model 1s deployed into production, the accuracy of
the clustering produced by the model as data changes must
be momtored to ensure that 1t continues to meet established
goals. I the accuracy of the clustering fails to meet the
goals, then training must be done 1n order to address the
deficiency.

Previous eflorts have shown how clustering accuracy can
be assessed using a test dataset composed of labeled
examples. These eflorts have shown that existing methods of
assessing clustering accuracy are subject to the following
limitations:

1. Pair-based accuracy metrics are prone to bias due to the
ellects of cluster size.

2. Cluster-based accuracy metrics are both prone to bias
due to the eflects of cluster size, and lack any agreed
upon method of handling partially-correct clusters.

3. Record-based accuracy metrics fail to give suflicient
information to guide successive training.

4. Clustering accuracy metrics typically require many
costly labels in order to be computed with a useful
degree of accuracy.

5. Existing methods of constructing a test dataset are
prone to bias due to the omission of pairs due to pair
generation, or due to cluster size.

6. Existing methods of re-assessing clustering accuracy in
the face of data changes require costly updates to the
test dataset.

The present invention addresses each of these limitations.

BRIEF SUMMARY OF THE INVENTION

Preferred embodiments of the present invention provide a
method and system for efliciently maintaining a test dataset
of partial ground truth, and using this 1n conjunction with a
proposed clustering to compute estimated accuracy of the
proposed clustering with confidence intervals. These metrics
can be used to determine whether a clustering should be
accepted as the output of the system, and whether model
training 1s necessary to meet desired clustering accuracy.
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2
BRIEF DESCRIPTION OF THE DRAWINGS

Preferred embodiments of the present invention will now
be described by way of example with reference to the
accompanying drawings:

FIGS. 1-2 are flowcharts 1n accordance with preferred
embodiments of the present invention.

FIGS. 3-9 show graphical results that are related to the
present 1nvention.

FIGS. 10-12 are user interface displays in accordance
with preferred embodiments of the present invention.

FIG. 13 show cluster metrics when using preferred
embodiments of the present invention.

FIG. 14 1s an entity relationship diagram (ERD) in accor-
dance with one preferred embodiment of the present inven-
tion.

DETAILED DESCRIPTION OF TH.
INVENTION

(L]

Certain terminology 1s used herein for convenience only
and 1s not to be taken as a limitation on the present invention.
The words “a” and “an”, as used i1n the claims and 1n the
corresponding portions of the specification, mean “at least

22

one.

I. Terminology and Definitions

The following terminology and definitions are provided to
promote understanding of the present mnvention. The termi-
nology and defimitions of the prior art are not necessarily
consistent with the terminology and definitions of the pres-
ent mvention. Where there 1s contlict, the following termi-
nology and definitions apply.

Cluster: the set of records with the same cluster member-
ship 1n a dataset, and metadata pertaining to and linked to
that set of records.

Test Record: a record selected for use when computing
clustering metrics

Test Cluster: a cluster with at least one test record as a
member

Ground Truth: records with cluster membership that 1s
known to be correct

II. Detailed Disclosure

1. Existing Entity Resolution Worktlows Incorporating
Clustering Accuracy Metrics

Previous eflorts have shown how the accuracy of the
clustering produced by a machine learning model can be
assessed using a test dataset composed of labeled examples.
Three metrics are commonly used: precision, which identi-
fies over-clustering; recall, which identifies under-cluster-
ing; and F, score, which 1s an aggregate accuracy metric
combining precision and recall. During training or monitor-
ing, when precision 1s below the desired threshold, this
indicates that the system 1s clustering unrelated entities
together, and additional training should be done to teach the
system to better distinguish entities. When recall 1s below
the desired threshold, this indicates that the system 1s failing
to cluster related entities together, and additional traiming
should be done to teach the system to better identify related
entities.

In production, datasets change continually through the
addition, deletion, and update of records, and new models
may need to be developed and deployed in response to
changing data or business needs. Therefore, metrics must be
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re-computed to track changes in clustering accuracy over
time. This practice 1s known as “model monitoring.”

Model Monitoring 1s Challenging Because:

1. Dataset changes may not be evenly distributed through-
out the dataset. For the estimated clustering metrics to
be valid, the collection of verified records must be
updated 1n response to data changes so that it continues
to represent a uniform random sample from the modi-
fied dataset.

2. Verification requires substantial eflort and should there-
fore be minimized to only that which 1s necessary to
keep the metrics valid. This makes 1t desirable to retain
and use existing verification to the greatest extent
possible when updating the sample of test records.

Many workflows and methods of computing clustering
accuracy metrics exist. There are three general types—pair-
based, cluster-based, and edit-distance—each with signifi-
cant shortcomings.

The following sections provide a brief overview of these
metric types, the workilows used to produce and maintain
them, and of their shortcomings.

In the following descriptions of clustering accuracy met-
rics, let C={(r,, ¢,), . . ., (t,, ¢,)} be a proposed clustering
of records {ry, ..., r,} and C*={(r,, ¢,*), ..., (r,, ¢, *)}
be the ground truth clustering as determined by the system
generating the data or by having experts verily a clustering
of the same set of records. In order to measure the accuracy
of C with respect to C*, one can use any of the following
methods.

1.1. Pair-Based Metrics

The test dataset for pair-based clustering accuracy metrics
consists of record pairs with a “match” or “non-match”
label. When performing entity resolution 1n large datasets,
the number of possible record pairs makes 1t impractical to
work with all pairs, and a method must be employed to
identify a subset of record pairs to use for entity resolution.
This practice 1s called “pair generation,” and the subset of
pairs produced by pair generation 1s the generated pairs. All
pair-based metrics have challenges, and pair-based metrics
in workflows with pair generation introduce additional chal-
lenges:

(1) Pair-based metrics do not account for any errors or
corrections that occur during the clustering step, and
may therefore under- or over-report accuracy.

(1) The generated pairs are biased towards matching
pairs—pairs that are predicted to receive a “match”
label. This bias 1s dithicult or impossible to account for
when selecting a test dataset and computing pair-based
clustering accuracy metrics using that test dataset.

(111) Pair generation 1s very sensitive to the method and
parameters used to generate pairs, and to the distribu-
tion of values 1n the dataset. If any of these changes, the
distribution of pairs 1s likely to change, resulting 1n
altered bias 1n the generated pairs. This change 1n bias
1s diflicult or impossible to account for when maintain-
ing a test dataset and computing metrics.

(1v) Although pair-based precision, recall, and F1 are
well-defined, as are methods of computing clustering
metrics using pairs, such as the Rand Index, these
approaches are biased towards large clusters and fail to
count singleton clusters (which have no internal pairs),
resulting in skewed accuracy metrics.

(v) Pair-based metrics encounter scale challenges on big
data where large clusters with, for example, hundreds
of thousands of records form extremely large connected
components in the connectedness graph of generated
pairs.
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1.2. Cluster-Based Metrics

The test dataset for cluster-based metrics consists of
clusters. In this context, a cluster 1s a set of records with the
same cluster membership, where the set of records with the
same cluster membership in the test dataset 1s complete and
accurate. In an entity resolution worktlow, the clusters used
for test are selected from the clusters produced by the
system.

Metrics such as cluster precision and recall, closest clus-
ter, modularity-based user-centric (MUC), and Constrained
Entity-Alignment F-Measure (CEAF) compute metrics
directly on clusters.

These metrics avoid potential bias towards large clusters
by treating all clusters equally. However, they exhibit other
issues such as the following:

(1) Over-weighting singleton clusters. In many real-world
scenarios, more than 80% of clusters are singletons,
with those singletons containing fewer records in
aggregate (<50%) than the multi-record clusters. Since
singleton clusters in C have 100% precision and single-
ton clusters 1n C* have 100% recall, these metrics
overestimate clustering accuracy in these common
cases.

(11) Poor handling of partially-correct clusters. The clus-
ter-based metrics listed above describe very diflerent
handling of partially-correct clusters, each of which has
been demonstrated to either over- or under-represent
accuracy 1n real-world use cases.

(111) High maintenance cost for the test dataset. Clustering,
metrics require that clusters in the test dataset be
complete and accurate, so 1 any record that 1s a
member of any of these clusters 1s added, modified, or
deleted, the test dataset must be updated before metrics
can be re-computed. Record additions are particularly
challenging, as each record added to the system must be
examined to determine whether 1t 1s a member of a
cluster 1n the test dataset 1n order to avoid 1ntroduction
of false accuracy 1n recall.

1.3. Edit-Distance Based Metrics

The test dataset for edit-distance-based metrics consists of
ground truth, which contains the correct cluster membership
for each record. These metrics count the number of records
whose cluster membership needs to be changed 1n order to
make C and C* equal.

(1) No distinction between membership changes due to
precision problems and membership changes due to
recall problems. Although edit-distance based metrics
can provide an overall assessment of whether clustering
accuracy falls below a desired threshold, they do not
indicate whether the deficiency i1s due to over- or
under-clustering. This imposes the burden of analysis
to determine the nature of the deficiency on an operator
when seeking to correct it.

(1) High maintenance cost for the test dataset. Edit-
distance metrics require that cluster membership in the
test dataset be complete and accurate, so 1f any record
that 1s a member of any of these clusters 1s added,
modified, or deleted from the system, the test dataset
must be updated before metrics can be re-computed.
Record additions are particularly challenging, as each
record added to the system must be examined to
determine whether it 1s a member of a cluster 1n the test
dataset 1n order to avoid introduction of false accuracy.

2. Worktlow for Producing a Record Clustering with
Record-Based Clustering Metrics

What 1s desired 1s a method and system to produce a
record clustering and accurately and efliciently estimate the
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accuracy of that clustering. This system should fit into the
context of the training workiflow for entity resolution, and
the production workflow for entity resolution. What follows
1s such a workflow.

For this workflow to produce clustering metrics, 1t
requires a collection of records to have their cluster mem-
bership to be verified as correct so they can be used as a basis
for assessing the accuracy of a clustering. This requires a
method of 1dentitying the records to be verfied, a definition
of clustering accuracy metrics, and a method of producing
the desired metrics using the verified records.

FIG. 1 presents the high-level workilow for entity reso-
lution 1ncorporating record-based clustering metrics. This
workilow 1s:

1. Model Creation

1.1. An operator (200) uses a tramning (201) method
such as supervised or unsupervised learning to create
a model (202) that 1s used to predict cluster mem-
bership for input records. This model uses any exist-
ing record clustering (231) to aid in prediction.

2. Clustering

2.1. The model (202) 1s used to predict (211) the cluster
membership for each of the records (210), producing
proposed clusters (212).

3. Verification

3.1. Test record selection (220) examines any current
test records (221) and the input records (212) to
determine whether and how to add records to test
records (221).

3.2 Verification (230) presents the proposed clusters
(212), including proposed clusters whose members
include test records (221), and verified records (232)
to the operator (200). The operator corrects the
clusters for the test records, producing current clus-
ters (231) and verified records (232). This process of
working with proposed clusters which replace cur-
rent clusters 1s described 1n U.S. patent application
Ser. No. 16/706,086, now U.S. Patent Application
Publication No. 2022-0004565 (Webber et al.),
which 1s mcorporated by reference herein, and thus
1s not described in any further detail herein.

4. Metrics Computation

4.1. Metrics computation (233) uses the proposed clus-
ters (212), test records (221), and verified records
(232) to compute clustering metrics (234).

5. Model Assessment

5.1. The operator (200) examines the clustering metrics
(223) to determine whether the model 1s producing
clusters with the desired accuracy. If so, then the
operator (200) can accept the current clusters (231)
as the output of the system, using the clustering
metrics (234) to describe the accuracy of the current
clusters; otherwise, the operator (200) uses the clus-
tering metrics (233) to guide additional training
(201) to address under-clustering or over-clustering
in the current clusters (231), and repeats the work-
tlow.

2.1. Detailed Worktlow for Producing a Record Cluster-
ing with Record-Based Clustering Metrics

FIG. 2 presents the detailed workflow for producing a
record clustering with record-based clustering metrics. This
workilow 1s as follows:

1. Update

a. Update mput records (410) takes a collection of input
records (401) and a collection of record changes
(402) and produces revised input records (411).
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b. Update verified records (422) takes a collection of
verified records (4035) and a collection of record
changes (402) and produces a 1st revised verified
records (423).

c. Update test records (410) takes a collection of test
records (420), record changes (402), 1st revised
verified records (423), and revised iput records
(411) and produces revised test records (421).

2. Prediction

a. Prediction (412) applies a model (403) to the revised
input records (411) to produce proposed clusters
(413)

3. Vernfication

a. Verification (430) presents to the operator (400) the
proposed clusters (413), revised test records (421),
and 1st revised verified records (423), and allows the
operator make changes iI required. The operator
saves the result as a 2nd revised venfied records
(431) and current clusters (432). This process of
working with proposed clusters which replace cur-
rent clusters 1s described 1n U.S. patent application
Ser. No. 16/706,086, now U.S. Patent Application
Publication No. 2022-0004565 (Webber et al.),
which 1s mcorporated by reference herein, and thus
1s not described 1n any further detail herein. The
operator may be required to verily some or all
proposed clusters that contain revised test records
before proceeding.

b. The current clusters (432) 1s the record clustering
output (450) produced by the system.

4. Metrics computation

a. Metrics computation (440) takes proposed clusters
(413), revised test records (421), and 2nd revised
verified records (431), and produces clustering met-
rics (441).

b. The clustering metrics (441) 1s the metrics output
(451) produced by the system.

2.2. Update Input Records and Verified Records

The mput records contain a collection of input records,
and this collection 1s updated to reflect the changes
described 1n the record changes, which contains a collection
of record changes, wherein each record change specifies an
action to CREATE, UPDATE, or DELETE a record. Meth-
ods to update a collection of records according to a collec-
tion of record changes 1s described by such existing stan-
dards as CRUD and REST. A CREATE action causes the
accompanying record to be added to the collection; a
DELETE action causes the specified record to be removed
from the collection, and an UPDATE action replaces the
specified record 1n the collection with a version that 1s
revised according to the update description.

In addition to the above standard processing, whenever a
record 1s added to the collection of mput records, the
timestamp at which 1t 1s added 1s recorded. Thus each input
record 1n the collection of mput records also has a timestamp
recording the time at which 1t was added to the collection;
these timestamps are used 1n stratified sampling. Note that
an UPDATE action does not impact the timestamp recording
when the mput record was added to the collection of input
records.

The verified records contain a collection of records with
verified cluster membership. Each record in the collection of
records with verified cluster membership refers to a record
in the collection of mput records. The collection of records
with verified cluster membership i1s updated to remove those
records with verified cluster membership that refer to
records 1n the collection of mput records that have been
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removed. This 1s accomplished by processing DELET
actions 1n the collection of record changes.

Note that none of the collections of records in the 1nput
records, record changes, test records, or verified records 1s
sensitive to the particular schema of the records in the
collection. This allows the system to accommodate records
with heterogeneous schemas within a single collection, and
to accommodate schema changes over time.

2.3. Update Test Records

2.3.1. Test Records

A typical supervised machine learning workilow uses
three datasets: a training dataset, a validation dataset, and a
test dataset. The test records correspond to the test dataset,
and metrics computation uses the test records to determine
which proposed, current, and verified clusters to examine. In
a machine learming worktlow with supervised learning, the
test records 1s treated as a holdout set that 1s not used in
model training or in another way that might influence
prediction.

2.3.2. Record Change Processing

The test records contain a collection of test records. Each
test record 1n the collection of test records refers to a record
in the collection of mput records. The collection of test
records 1s updated to remove those test records that refer to
records 1n the collection of input records that have been
removed. This 1s accomplished by processing DELETE
actions 1n the collection of record changes.

Removing test records will impact the confidence interval
of the clustering accuracy metrics. Deleted test records do
not need to be tracked (e.g., via tombstones) since they will
not contribute to the clustering accuracy metrics. If these
records are re-added in a subsequent record change the
system does not automatically re-add them as test records,
though 1nput record sampling may select them to add to the
collection of test records.

2.3.3. Input Record Sampling

The collection of test records 1s maintained as a sample of
the revised mput records. To avoid bias, the probability that
any input record will be selected for the sample should be
close to uniform.

One of the benefits of using a sample of the mput records
to form the test dataset i1s that the distribution, bias, and
content of the sample remains valid when using different
models to create a proposed clustering, €.g., 1n successive
rounds of model training. For example, a proposed cluster-
ing P1 can be produced from a dataset using an mnitial model
M1, and a set of test records created. The test records and
their corresponding proposed clusters are then verified by
the operator, which entails moving records 1n and out of the
proposed clusters until their membership 1s complete and
correct; this result 1s saved as the verified records and current
clusters. The accuracy of P1 can then be estimated using the
current method. A second proposed clustering P2 can then be
produced from the same dataset using a different model M2,
¢.g. a model produced by training to correct over- or
under-clustering 1n the results produced by M1. Verification
can then start with the test records, verified records and
current clusters produced by the run of the system with M1.
In this scenario, the operator may find that no changes are
required during verification, allowing verification to be
completed quickly. Because P1 and P2 contain the same
records, the test records that were a uniform random sample
from P1 are also a uniform random sample from P2. The
accuracy ol P2 can then be estimated using the previously
created test records, current clusters and verified records.

2.3.3.1. Verification Budget

[T]

10

15

20

25

30

35

40

45

50

55

60

65

8

In real-world scenarios, gathering ground truth 1s
extremely expensive from the perspective of subject matter
experts’ time and eflort, so the system should mimimize the
amount of ground truth required to meet accuracy goals.
Thus, the test records include a verification budget, which
specifies a number of test records 1n need of verification to
be maintained 1n the collection of test records. The number
ol input records from the revised input records to be added
to the collection of test records 1s determined by the veri-

fication budget, and the number of test records 1n need of
verification in the first revised verified records. The number
ol test records in need of verification 1s subtracted from the
verification budget, and the result 1s the number of input
records to add to the test records, minimum zero. Thus, when
verification begins, the number of test records will be equal
to the verification budget.

In the preferred embodiment, the present invention 1s
incorporated nto a workilow for supervised machine learn-
ing, wherein model training 1s performed i1n successive
rounds, where the accuracy of the clusterings produced by
carlier rounds of training 1s expected to be lower than that of
later rounds. When the system starts with an empty collec-
tion of test records, 1t specifies a small verification budget as
it 1s willing to accept a correspondingly broad confidence
interval for clustering accuracy metrics. On successive train-
ing rounds, the supervised machine learning system adjusts
the verification budget, thereby incurring additional verifi-
cation eflort 1n each successive round, iteratively adding to
the set of traiming records and supporting commensurately
narrower confldence intervals for the estimated accuracy
metrics. In the preferred embodiment where clustering met-
rics are used 1n conjunction with cluster-based supervised
learning for entity resolution, combining vernfication for
validation with verification for training has the result that the
operator 1s given a single task to provide ground truth to
serve the two functions, which aids efliciency.

This embodiment allots an 1nitial budget of 15 test records
per training round. With the expectation that the operator
will verily 24 of the unverntfied test clusters each round, this
results n a sample size of approximately 100 after 10
training rounds, the number of rounds at which the system
1s observed to converge on a consistently accurate model. A
sample size of 100 wvields a maximum 95% confidence
interval of 0.196, which in practice 1s the broadest 95%
confidence 1nterval to be practically usable. The number of
rounds required to accumulate 100 test records can be
reduced by increasing the budget on successive rounds,
when clusters are expected to be higher-quality and there-
fore easier to verily. Increasing the budget by 5 records 1n
rounds after the first, to a maximum of 50, results 1n a sample
s1ze of approximately 100 after only 6 training rounds.

The result 1s a system that converges to a desired confi-
dence interval over successive traiming rounds.

2.3.3.2. Stratified Sampling

A standard mechanism for maintaining the distribution of
a sample across dataset changes 1s stratified sampling. For
stratified sampling to be viable:

1. The number of strata should be relatively small com-
pared to the number of records sampled; 1n particular,
for stratified sampling to remain unbiased, each stratum
should cover no less than 5% of the population.

2. Re-sampling 1s to be avoided. Once a stratum 1s created
and sampled from, both the stratum and the test records
sampled from it should remain static. Re-sampling
would incur additional work to re-do verification for all

aflected test records.
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Immutable strata can be created according to record
addition time, assuming that the records added 1n the record
changes are less than 10% of the size of the largest existing
stratum. The test records contain a collection of strata with
their corresponding start and end timestamps, arranged such
that the timestamp ranges form a non-overlapping con-
tinuum from the earliest record addition timestamp to the
latest record addition timestamp. Fach stratum contains
record added between 1ts start timestamp (inclusive) and end
timestamp (exclusive). Note that the last stratum can be
implicit—it covers the time range from the first record
addition timestamp not covered by an existing stratum, up to
and including the latest record addition timestamp.

When the verification budget indicates that the number of
test records to be added 1s greater than zero, the collection
of strata 1s examined. If the number of records added since
the most recent stratum end timestamp 1s 5% or more of the
total record count before the most recent stratum end time-
stamp, then a new stratum 1s created with start timestamp
equal to the end timestamp of the most recent stratum and an
end timestamp equal to the current time. Otherwise, any
records added after the end of the most recent stratum end
timestamp are considered to belong to the most recent
stratum. In this manner, each new stratum will contain at
least 5% of the total corpus, while keeping the number of
strata low relative to the number of test records. There are a
number of allocation strategies to determine the number of
sampled points 1 each stratum. The two most popular
strategies are size-proportional and size-variance-propor-
tional (a.k.a. Neyman allocation). Although the latter pro-
vides more optimal allocation in the sense that the variance
of the estimates 1s going to be lower, 1t 1s diflicult to compute
or estimate the variance of strata, especially for these
representing new records. The preferred embodiment uses
size-proportional sample allocation, which aims to have
sample size be proportional to stratum size.

The mean estimate of the entire population 1s defined as
follows when using stratified sampling:

Where W, 1s the ratio between a stratum size to the entire
population size, X, is the stratum mean, N, is the stratum
s1ze, and N 1s the total population size.

The variance estimate of the entire population 1s defined
as follows when using stratified sampling:

Where n, 1s the size of the sample drawn from stratum 1,
N, is the stratum size, and s,” is the stratum sample variance.
The 95% confidence interval 1s equal to

X, +096,/s
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Note that the sample drawn from each stratum does not
have to be exactly proportional to the stratum size. Regard-
less of the exact sample sizes, the estimates are unbiased.
However, the vaniance (and hence the confidence interval
width) increases slightly when sample size 1s not exactly
aligned with stratum size. This 1s important because 1n some
cases 1t may not be possible to ensure that the sample sizes
are proportional to the strata sizes before computing the
clustering accuracy metrics. For example, consider having
SM 1mput records and 700 test records in the system. If the
record changes add 500K more records, 70 new test records
will need to be sampled to maintain the same 95% confi-
dence interval. I the verification budget 1s 30, then fewer
test records will be sampled from the second stratum than

the target size. In this case, the weight associated with the
sample variance of the second stratum S*,, which is equal to

where n,=50, will be greater than the weight in the case of
having the optimal sample size where n,=70. Note that as
the user generates more test records, 1t should be possible to
achieve this optimal sample allocation, and hence reduce the
variance.

Sampling from within a stratum can be done using any
standard sampling method, such as reservoir sampling.

2.3.3.3. Pseudocode

When the system needs to add test records, 1t first updates
the stratification boundaries if needed. Then, the system
computes the optimal sample size for each stratum which 1s
equal to (the current test records count+the new test records
count)*(stratum size/total number of records). Finally, the
system computes the number of records that need to be
sampled from each stratum which 1s equal to (the optimal
sample size)—(the number of current test records in the
stratum).

Note that current test records may include both verified
and unverified test records. Strata with negative required
sample sizes are 1gnored (1.e., each stratum that 1s already
well covered using the current test records). Records are
sampled from the remaining strata where the sampling
probability 1s proportional to the required sample size per
stratum.

Procedure add test records

Input

a. Revised mput records

b. Current strata, where each stratum 1s defined as a record

addition timestamp range

c. Previous test records

d. The number of test records to add

Output

a. Revised strata

b. Revised test records

Method

1. If the current strata 1s empty then

a. create a single stratum that contains all existing records

and add 1t to the current strata, creating revised strata

2. else

a. Set num_added to the number of records 1n the revised

input records with added timestamp after the most
recent stratum end timestamp

b. Set num old to the number of records in the revised

input records with added timestamp prior to the most
recent stratum end timestamp
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c. If num_added 1s less than 5% of num_old, consider the
records with added timestamp after the most recent
stratum end timestamp to be members of the stratum
with the most recent end timestamp; the revised strata
are equal to the current strata. Otherwise, create a new
stratum with start timestamp equal to the most recent
stratum end timestamp, and end timestamp equal to the
current time, thereby creating revised strata

3. For each stratum 1, compute requires_size(1) as to the
number of existing test records 1n stratum 1-(the number of
test records to add*the number of records 1n stratum 1/total
number of records).

4. For each stratum with non-negative required sample
s1ze, randomly select this number of records from all records
in the stratum that were not previously selected.

5. Add all newly sampled test records to the existing set
ol test records.

6. Return the revised strata (1.e., output of step 1), and the
revised test records.

2.3.3.4. Experimental Results for Stratified Sampling

Two experiments used a Febrl dataset with 100,000
records to simulate data changes by splitting the true clusters
into generations, one experiment with 3 generations and one
with 100. Each generation represents one stratum. Each
generation was clustered using a separate model to simulate
the potential difference 1n model quality across data changes.
FIG. 3 shows the result of estimating precision using
samples of size 100, 500, and 1000, as well as the actual
precision. FIG. 4 shows the result of estimating recall using
samples of size 100, 500, and 1000, as well as the actual
recall. Results for the experiment with 100 generations were
only slightly worse; FIG. 5 shows the result of estimating
precision using sample sizes of 100, 500, and 1000, as well
as the actual precision.

2.4. Vernfication

Verification presents the proposed clusters and verified
records to the operator in a user interface, wherein the
proposed clusters whose membership includes test records
in need of verification are flagged for verification. In the
verification user interface, the operator moves records
between clusters to ensure that the test records are placed in
correct clusters, wherein any cluster containing a test record
contains all of the records that should be clustered with the
test record, and no records that should not be clustered with
the test record.

In the preferred embodiment, the system also provides
tools to assist the operator 1n finding all records that should
be clustered with test records, such as:

1. Record search, which allows the operator to use key-
words to find candidate records that can then be verified
as members of the cluster;

1. Related clusters, wherein the user interface presents a
cluster for verification, and also provides the ability to
view any clusters with overlapping membership in the
proposed clusters or verified records, or that have
non-trivial inter-cluster similarity with the cluster being
verified. In a preferred embodiment using well-tuned
pair generation, 1t 1s useful to use a threshold of 0 for
inter-cluster similarity for related clusters.

When the operator saves the result of verification, the

output 1s twoilold:

1. Verified records, consisting of records with verified
cluster membership. Only those input records for which
the operator has verified the correct cluster membership
are represented in the verified records.

2. Current clusters, consisting of records with current
cluster membership. The current cluster membership 1s
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equal to the verified cluster membership when the
record has a verified cluster membership, otherwise 1t
1s equal to the record’s proposed cluster membership.
All of the revised mput records are represented in the
current clusters, which forms the record clustering
output of the system.
2.4.1. Selecting Clusters for Venfication
When presenting clusters to the operator for verification,
it 1s not suflicient to present only those clusters that contain
the test records. The system also needs to present related
clusters whose records have overlapping proposed cluster
membership or verified cluster membership with respect to
the test records. This ensures sutlicient coverage of verified
records for computing the most frequent verified clusters for
proposed clusters of the test records, and the most frequent
proposed clusters for verified clusters of the test records.
Procedure test records in need of wverification obtains
the records that require verification in order to contribute to

the clustering metrics. The vernfication user interface uses
this method to highlight these test records so that the
operator can verily them, thereby allowing them to contrib-
ute to the clustering metrics.

Procedure select clusters for verification obtains the IDs
of the proposed clusters that should be presented to the
operator for verification, including proposed clusters that
contain test records, verified clusters that contain test
records, and related clusters. The records in these clusters
are presented 1n a user interface showing their proposed and
verified cluster membership.

Procedure test records in need of verification

Input

Revised test records

Output

Collection of records that require verification

Method

Return all revised test records r, that satisty any of the

following conditions:

a. r; has no verified cluster membership

b. Given that c, 1s the proposed membership of r1, m(c,)
cannot be determined, as described in procedure compute-
_clustering_metrics, or
c. Given that ¢*, 1s r’s verified cluster membership,

m*(c*,) cannot be determined, as described in proce-

dure compute_clustering _metrics
Procedure select clusters for wverification
Input
a. Test records
b. Proposed clusters
c. Verified records
Output
Clusters for verification
Method
1. Select verified cluster IDs:

a. Get all unique proposed cluster IDs that are associated
with test records

b. Get all records with proposed clusters in the set of
cluster IDs obtained 1n step 1a.

c. Get all umique verified cluster IDs that are associated
with the records obtained in step 1b.

2. Select proposed cluster 1Ds

a. Get all umque verified cluster IDs that are associated
with test records

b. Get all records with venfied cluster IDs 1n the set of
cluster IDs obtained 1n step 2a.

c. Get all unique proposed cluster IDs associated with
records obtained 1n steps 2b.




US 11,294,937 Bl

13

3. Return the distinct cluster 1Ds that are obtained 1n steps
1 and 2.

2.5. Record-Based Clustering Metrics

Bias 1n cluster precision and recall metrics due to cluster
s1ize and partial correctness 1s countered through use of a
weilghted average of cluster precision and recall, where the
weight of each cluster 1s 1ts size. The weighted average
cluster precision 1s equivalent to the fraction of records that
do not need to be moved out of their clusters to match the
ground truth. Similarly, the weighted average cluster recall
1s the fraction of records that do not need to be merged into
other clusters. These metrics are called “record-based clus-
tering metrics” since they are metrics about clustering
accuracy, and are proportional to the fraction of records
exhibiting errors.

Record-based cluster precision and recall can be com-
puted as follows, and 1s illustrated in FIG. 6. Let r, be a
record; let r, be a member of cluster ¢, 1n the proposed
clusters, denoted C, and let r, be a member of cluster ¢,* 1n
the ground truth, denoted C*. Define m(c,) as the cluster in
C* that the most records in ¢, are members of. Similarly,
define m*(c,*) as the cluster in C that the most records 1n ¢, *
are members of.

The following situations pertain to ¢, and ¢ *:

1. If m(c,)=c,* and ¢c,=m*(c,*) then record r, 1s a member

of the same cluster in C* as the majority of records 1n
c,, and 1s a member of the same cluster 1n C as the
majority of records 1n ¢,*. No change needs to be made
for the current cluster of r, to align with the ground
truth. In this case, define record r, as having neither a
precision nor a recall error. This 1s 1llustrated 1n case (a)
of FIG. 6.

1. If m(c,)=c,* then record r, 1s a member of a cluster 1n
C whose records are mostly not members of ¢ *. This
indicates that c, represents a different entity than c,*, so
r, would need to move to a different cluster in C* to
match the ground truth, which 1s a precision error. This
1s shown 1n cases (b) and (d) in FIG. 6. Note that
m(c,)=c.* does not necessarily imply that ¢ =m*(c,*);
this 1s shown 1 case (b) 1n FIG. 6.

111. If ¢ =m*(c,*) then record r, belongs to a verified cluster
whose records are mostly members of a different clus-
ter 1n C. This indicates that ¢, would need to be merged
with a different cluster i order to match the ground
truth, which 1s a recall error. This 1s shown 1n cases (¢)
and (d) in FIG. 6. Note that c=m*(c,*) does not
necessarily imply that m(c,)=c *; this 1s shown 1n case
(c) 1n FIG. 6.

1v. [T both m(c,))=c,* and c,=m™(c,*) then record r, has both
precision and recall errors. This 1s shown 1n case (d) in
FIG. 6.

One can therefore define record-based cluster precision as
the fraction of records with precision errors, and record-
based cluster recall as the fraction of records with recall
errors. With these definitions of record-based cluster preci-
sion and recall, one can also define record-based cluster F1
using the standard formula of F,=2%* (precision*recall)/
(precision+recall).

2.5.1. Evaluation of Record-Based Clustering Metrics

FIG. 7 compares record-based clustering metrics with
other clustering metrics over successive rounds of active
learning using cluster-based training for entity resolution 1n
a 100,000 record dataset generated by Febrl. (see, Peter
Christen et al. “A Parallel Open Source Data Linkage
System.” Proceedings of the 8th Pacific-Asia Conference,
PAKDD 2004, Sydney, Australia, May 26-28, 2004. Pages
638-6477. Springer Lecture Notes 1n Artificial Intelligence,
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Volume 3056.) The Febrl dataset generator also generates
tull ground truth so the actual values of the metrics are
computed. The distribution of cluster sizes 1s close to a zipl
distribution (shown 1n FIG. 8). For instance, the majority of
the clusters are singletons, followed by clusters of size 2.
Since singleton clusters do not have corresponding record
pairs, their accuracy 1s underrepresented in pair-based met-
rics, as shown 1n graph (a) of FIG. 7, compared to record-
based metrics, as shown in graph (c) of FIG. 7, which leads
to underestimating the model accuracy. On the other hand,
cluster-based metrics, shown 1n graph (b) of FIG. 7 have all
clusters equally-weighted, which leads to larger clusters
being underrepresented compared to record-based metrics,
which leads to overestimating accuracy.

From these results, 1t 1s clear that record-based clustering,
metrics are not biased towards large or small clusters.
Furthermore, having separate metrics for precision and
recall provides the operator guidance as to whether a clus-
tering fails to achueve an accuracy goal due to over-cluster-
ing or under-clustering, information the operator can use, for
example, to guide training of a model intended to address the
shortcoming.

2.5.2. Estimated Record-Based Clustering Metrics
In practice, producing full ground truth for large datasets
requires a cost-prohibitive amount of effort. In these situa-
tions, estimated values can be used for the metrics if a
reasonable confidence interval can be given for the accuracy
ol the estimated metrics. Such estimated record-based clus-
tering accuracy metrics can be computed using the sample of
ground truth embodied 1n the verified records corresponding
to test records, using standard statistical estimation methods
to compute estimated metrics with confidence intervals.

It 1s possible to compute a confidence interval of the
estimated clustering metrics for a set of test records of a
given size. For example, the 95% confidence interval 1s the
range to which the actual metric 1s expected to belong 95%
of the time for a random estimation run. The 95% confidence
interval of an estimate (e.g., estimated record-based cluster
precision) 1s defined as:

sample_mean+1.96*sample_stddev/sqrt(sample_size)

Therefore, to accommodate estimated clustering metrics,
the system has two options: (1) the target confidence interval
can be specified, allowing the system to select a sample size
that will yield the desired confidence interval (assuming the
maximum sample_stddev of 0.5 since sample stddev 1s
unknown at this point); or (2) the sample size can be
specified, allowing the system to describe the resulting
confidence 1nterval using the actual sample standard devia-
tion. Since cluster verification 1s very costly, the preferred
embodiment elects to control the sample size, and therefore
the verification cost, and present clustering metrics to the
operator with the resulting 95% confidence interval.

2.5.3. Computation of Estimated Record-Based Cluster-
ing Metrics

To compute estimated record-based clustering metrics,
the proposed clusters are aligned with the current clusters as
for computing exact record-based clustering metrics, but
metrics computation 1s driven by test records. Estimated
record-based cluster precision 1s computed for test records in
the proposed clusters, and estimated record-based cluster
recall 1s computed for test records in the verified records.

Note that, even though only test records are used for
computing precision and recall, the other records that share
a proposed or verified cluster membership with a test record
are used for computing m(c,) and m*(c*,).
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The result 1s estimated record-based cluster precision,
recall and F1, with accompanying confidence interval.

In the preferred embodiment, these metrics are retained in
a table over time, so the user can see how metrics change as
the model changes and/or as the data changes.

2.5.4. Pseudocode

Procedure compute_clustering_metrics:

Input:

a. Test records

b. Proposed clusters

c. Verfied records

d. Revised strata with record creation timestamp ranges
¢. The number of test records in each revised stratum
f. The total number of records 1n each revised stratum
Output:

a. BEstimated record precision with confidence interval
b. Estimated record recall with confidence interval

Method:

1. Create a set of triples {(r,, ¢,, ¢*)} by joining the test
records with the proposed clusters and verified records,
such that r, 1s a test record 1D, ¢, 1s r,”s proposed cluster
ID, and c¢*, 1s r,’s verified cluster ID.

2. Let W, be the ratio between the number of records 1n

stratum ] and the total number of records the proposed
clusters.

3. Compute estimated record precision P and its confi-
dence interval CI(P) as follows:

a. Associate each test record r, with a precision indica-
tor P, that 1s equal to
1. null 1t the most frequent verified cluster m(c))
cannot be determined due to missing cluster veri-
fications for records with proposed cluster equal to
c,. Specifically, m(c,) cannot be determined when
the records with proposed cluster equal to ¢, have
the frequency of the most frequent verified Cluster
less than the frequency of the second most fre-
quent verified cluster (or zero 1f there 1s no such
cluster) plus the number of records with missing
cluster verifications.
1. 1 11 1ts verified cluster ¢*; 1s equal m(c,)
111. O 1f 1ts verified cluster ¢*; 1s not equal m(c,)

b. Filter out test records with null precision indicators.

c. For each stratum j,, compute the mean P, and the
sample variance s 3 % of the precision 1nd1cat0r for all
test records in this stratum.

d. Get the overall mean of record precision P which is
equal to ijl‘{‘ WP, where L is the total number of
strata.

¢. Get the overall sample variance of the record preci-
sion s,~ which is equal to

ZL:WHL( B J]%j

i=1 s

where n, 1s the total number of records in stratum j and N,
1s the total number of records 1n stratum j.
f. Get the 95% precision confidence interval which 1s
equal to

CI(P) = [P— 1.96\/57, P+ 1.964/ 52 ]
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4. Compute estimated recall R and its confidence interval
CI(R) as follows:

a. Associate each test record r, with a recall indicator R(r,)
that 1s equal to
1. 1 1f 1ts proposed cluster ¢, 1s equal m™(c*,)

11. 0 11 1ts proposed cluster ¢, 1s not equal m™(c*,)

b. For each stratum 1, compute the mean R, and the sample
variance s R > of the recall indicator for all test records
in this strafum.

c. Get the overall mean of record precision R which is
equal to ZJEILWJKP where L 1s the total number of
strata.

d. Get the overall sample variance of the record recall s~
which 1s equal to

where n; 1s the number of test records 1n stratum j and
N, 1s the total number of records in stratum j.

¢. Get the 95% recall confidence interval which 1s equal
to

CI(R) = [ﬁ _ 1.96\/57, R+ 1.96\/E].

5. Return P as the estimated precision, CI(P) as the
confidence interval for the estimated precision, R as the
estimated recall, and CI(R) as the confidence interval for the
estimated recall.

2.4.7. Experimental Results

Experiments were performed using a 100,000 record
Febrl-generated dataset. Real-world scenarios show dra-
matic skew 1n cluster size, e.g., 200,000-record clusters 1n a
5,000,000-record dataset, so this dataset was generated
using a modified version of Febrl that generates an extended
range of cluster sizes. FIG. 8 shows the cluster size distri-
bution and the number of records 1n each set of clusters with
the same size 1n Febrl. FIG. 9 shows the probability distri-
butions of the precision and recall estimates for various
sample sizes for the first model trained. The distributions
were computed by repeating the sampling process, for each
sample size, 2000 times and plotting a 50-bin histogram for
the sample means.

These results show that the computed estimates are
unbaised. The estimation error mean 1s shown in Table 1 and
Table 2 for precision and recall estimates, respectively. The
standard deviation of the estimated errors decreases as the
sample size increases which 1s consistent with the expecta-
tion that the standard deviation of the error 1s proportional to
1/sgrt(sample size). The 95% confidence intervals for each
sample were verified to contain the actual value of the metric
close to 95% of the time. The average widths of the
confidence interval for the precision and recall estimate are
shown 1n Table 1 and Table 2, respectively.

TABLE 1

Precision Estimate Statistics

Sample  Error Absolute error Error std 95% CI
siZe mean mean deviation width
100 0.00085 0.03818 0.04833 0.095
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TABLE 1-continued

Precision Estimate Statistics

Sample  Error Absolute error Error std 95% CI
S1Z¢e mean mean deviation width
500  0.00015 0.01737 0.02156 0.043
1000  0.00072 0.01224 0.01528 0.030
TABLE 2
Recall Estimate Statistics
Sample  Error Absolute error Error std 95% CI
S1Z¢E mean mean deviation width
100  0.00085 0.02498 0.3184 0.060
500  0.00005 0.01126 0.013R80 0.027
1000  0.00013 0.00799 0.009%89 0.019

ITI. User Interftace

FIG. 10 presents an example user interface for verification

showing:

1. Menu for cluster list, including menus for filtering
clusters, taking actions such as verification on cluster,
and sorting and searching clusters;

2. Cluster list, including;

a. Clusters that contain test records 1n need of verifi-
cation, marked with a lightning bolt, sorted first in
the cluster list to bring them to the operator’s atten-
tion,

b. Clusters that contain test records with precision
problems, marked with a plus, sorted before clusters
without test records with problems to raise their
visibility,

c. Clusters that contain test records with recall prob-
lems, marked with an empty square, sorted before
clusters without test records with problems to raise
their visibility,

d. Clusters that contain test records with precision
problems and recall problems, indicated with a
squared plus, sorted before clusters without test
records with problems to raise their visibility,

¢. Clusters that contain test records with no problems,
indicated with a filled square, sorted before clusters
without test records to raise their visibility, and

f. Showing that the cluster for Lockheed Martin Cor-
poration 1s the currently selected cluster, indicated
with a check mark.

3. Menu bar for record list, including menus for filtering,
records, taking actions such as verifying that the dis-
played records are members of the currently selected
cluster, and sorting and searching records;

4. Record list, supporting gestures such as drag-and-drop
to move a record to a cluster to verily 1t as a member
of that cluster, and including:

a. Squared plus 1n the record list header, indicating that
the cluster contains test records with precision and
recall problems,

b. Squared plus on the first record, indicating that 1t 1s
a test record with precision and recall problems,

c. Squared check marks on other records, indicating

that those records have been verified as members of
this cluster.
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5. Related Clusters, showing clusters that are related to
cluster currently selected 1n the cluster list, and includ-
ng:

a. The second cluster expanded to show details and the
relationship to the currently selected cluster

FIG. 11 presents an example user interface for filtering the

cluster list or record list, showing:
6. Filter menu for the cluster list, including
a. The ability to filter to those clusters that contain test
records that need verification

b. The ability to filter to those clusters that contain test
records with no problems, test records with precision
problems, test records with recall problems, no test
records, or any combination thereof

c. The ability to filter to those clusters that contain only
verified records, some verified records, or no verified
records.
7. Filter menu for the record list, including
a. The ability to filter to test records that need verifi-
cation

b. The ability to filter to test records that have no
problems, test records with precision problems, test
records with recall problems, records that are not test
records, or any combination thereof

c. The ability to filter to records that are verified or to
records that are not verified

FIG. 12 presents an example user interface for sorting the

cluster list or record list, showing:

8. Sort menu for the cluster list, including
a. The ability to sort clusters with test records first

9. Sort menu for the record list, including
a. The ability to sort test records first

FIG. 13 presents an example user interface for displaying

clustering accuracy metrics, showing:

1. Estimated clustering precision trendline, showing both
the estimated cluster precision over time and the 95%
confidence interval over time,

2. Estimated clustering recall trendline, showing both the
estimated clustering recall over time and the 93%
confidence interval over time,

3. Current estimated clustering precision, and current 95%
confidence interval,

4. Current estimated clustering recall, and current 95%
confidence interval.

IV. Entity Relationships

FIG. 14 1s a self-explanatory entity relationship diagram
(ERD) 1n accordance with one preferred embodiment of the
present invention.

The present mvention may be mmplemented with any
combination of hardware and software. If implemented as a
computer-implemented apparatus, the present invention 1s
implemented using means for performing all of the steps and
functions described above.

When implemented 1n software, the software code can be
executed on any suitable processor or collection of proces-
sors, whether provided 1n a single computer or distributed
among multiple computers.

The present invention can also be included 1n an article of
manufacture (e.g., one or more tangible computer program
products) having, for instance, non-transitory computer
readable storage media. The storage media has computer
readable program code stored therein that 1s encoded with
istructions for execution by a processor for providing and
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facilitating the mechanisms of the present mvention. The
article of manufacture can be included as part of a computer
system or sold separately.

The storage media can be any known media, such as
computer memory, one or more tloppy discs, compact discs,
optical discs, magnetic tapes, tlash memories, circuit con-
figurations 1 Field Programmable Gate Arrays or other
semiconductor devices, or other tangible computer storage
medium. The storage media can be transportable, such that
the program or programs stored thereon can be loaded onto
one or more different computers or other processors to
implement various aspects of the present invention as dis-
cussed above.

The computer(s)/processor(s) used herein may be embod-
ied m any of a number of forms, such as a rack-mounted
computer, a desktop computer, a laptop computer, or a tablet
computer. Additionally, a computer may be embedded 1n a
device not generally regarded as a computer but with
suitable processing capabilities, including a Personal Digital
Assistant (PDA), a smart phone or any other suitable por-
table, mobile, or fixed electronic device.

Such computers/processors may be interconnected by one
or more networks 1n any suitable form, including as a local
area network or a wide area network, such as an enterprise
network or the Internet. Such networks may be based on any
suitable technology and may operate according to any
suitable protocol and may include wireless networks, wired
networks or fiber optic networks.

The various methods or processes outlined herein may be
coded as software that 1s executable on one or more pro-
cessors that employ any one of a variety of operating
systems or platforms. Additionally, such software may be
written using any of a number of suitable programming
languages and/or programming or scripting tools, and also
may be compiled as executable machine language code or
intermediate code that 1s executed on a framework or virtual
machine.

The terms “program™ or “software™ are used herein 1 a
generic sense to refer to any type of computer code or set of
computer-executable instructions that can be employed to
program a computer or other processor to implement various
aspects of the present mnvention as discussed above. The
computer program need not reside on a single computer or
processor, but may be distributed 1n a modular fashion
amongst a number of diflerent computers or processors to
implement various aspects of the present invention.

Computer-executable instructions may be in many forms,
such as program modules, executed by one or more com-
puters or other devices. Generally, program modules include
routines, programs, objects, components, data structures,
and the like, that perform particular tasks or implement
particular abstract data types. The functionality of the pro-
gram modules may be combined or distributed as desired 1n
various embodiments.

Data structures may be stored 1n non-transitory computer-
readable media 1n any suitable form. For simplicity of
illustration, data structures may be shown to have fields that
are related through location in the data structure. Such
relationships may likewise be achieved by assigning storage
for the fields with locations in a non-transitory computer-
readable medium that conveys relationship between the
ficlds. However, any suitable mechanism may be used to
establish a relationship between information 1n fields of a
data structure, including through the use of pointers, tags or
other mechanisms that establish relationship between data
clements.
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The scope of the present invention thus further includes a
tangible computer program product for cluster selection,
wherein the computer program product comprises non-
transitory computer-readable media encoded with 1nstruc-
tions for execution by a processor to perform the methods
described above.

Preferred embodiments of the present invention may be
implemented as methods, of which examples have been
provided. The acts performed as part of the methods may be
ordered 1n any suitable way. Accordingly, embodiments may
be constructed in which acts are performed 1in an order
different than illustrated, which may include performing
some acts simultaneously, even though such acts are shown
as being sequentially performed 1n illustrative embodiments.

Various embodiments of the invention have been pre-
sented above. However, the invention 1s not intended to be
limited to the specific embodiments presented, which have
been presented for purposes of illustration. Rather, the
invention extends to functional equivalents as would be
within the scope of the appended claims. Those skilled in the
art, having the benefit of the teachings of this specification,
may make numerous modifications without departing from
the scope and spirit of the invention 1n 1ts various aspects.

What 1s claimed 1s:

1. A method of producing a record clustering with esti-
mated accuracy metrics with confidence intervals, the
method using:

(1) a collection of mput records,

(11) a model that 1s applied to a collection of records to
produce a proposed cluster membership for each record
in the collection,

(111) a collection of record changes, wherein each record
change 1s an add, update or delete and wherein updates
and deletes reference records in the collection of mput
records,

(1v) a collection of test records, wherein each test record
1s a member of the collection of mput records, and

(v1) a collection of verified records, wherein each verified
record has a verified cluster membership and wherein
cach verified record 1s a member of the collection of
input records,

the method comprising:
(a) incorporating, using software code 1n a processor, the
record changes 1n the collection of record changes into:

(1) the collection of mput records, thereby producing
revised input records, and

(1) the collection of verified records, thereby producing
first revised verified records, and

(111) the collection of test records, thereby producing first
revised test records;

(b) creating, using the software code in the processor, a
proposed cluster membership for each of the input records in
the revised input records using the model, thereby producing
proposed clusters;

(c) selecting a sample of the input records from the revised
input records to add to the first revised test records, using the
first revised verified records, thereby producing second
revised test records;

(d) displaying to a user, on a user interface display, the
following records:

(1) the test records in the second revised test records that
are 1n need of verification,

(1) the records 1n the proposed clusters whose proposed
cluster membership 1s a related cluster, and

(111) the records 1n the first revised verified records whose
verified cluster membership 1s a related cluster;



US 11,294,937 Bl

21

(e¢) the user indicating, via the user interface display, for one
or more of the records displayed 1n the user interface display,
whether the records are members of a cluster;
(1) creating, based on the user indications 1n step (e), using
the software code 1n the processor, second revised verified
records and current clusters, the current clusters being the
record clustering; and
(g) computing, using the software code 1n a processor,
estimated accuracy metrics for the record clustering with
confidence intervals from the second revised test records,
using the proposed clusters, and the second revised verified
records.

2. The method of claim 1 wherein the sample of the input
records 1s selected by stratified sampling.

3. The method of claim 2 wherein the strata used in
stratified sampling are defined by record creation time.

4. The method of claim 2 wherein a new stratum to be
used in the stratified sampling 1s created when the number of
records added since the most recent stratum end timestamp
1s over a threshold of the total record count before the most
recent stratum end timestamp.

5. The method of claim 1 wherein the estimated clustering
metrics are record-based precision and recall.

6. The method of claim 1 wherein the size of the sample
of the input records 1s determined by a verification budget.

7. The method of claim 1 wherein test records in need of
verification includes test records where the most frequent
verifled record cannot be determined.

8. A computer program product for producing a record
clustering with estimated accuracy metrics with confidence
intervals, the computer program product using:

(1) a collection of mput records,

(11) a model that 1s applied to a collection of records to
produce a proposed cluster membership for each record
in the collection,

(111) a collection of record changes, wherein each record
change 1s an add, update or delete and wherein updates
and deletes reference records in the collection of 1nput
records,

(1v) a collection of test records, wherein each test record
1s a member of the collection of mput records, and
(v1) a collection of verified records, wherein each verified
record has a verified cluster membership and wherein
cach verified record 1s a member of the collection of

input records,

the computer program product comprising a non-transitory
computer-readable storage medium tangibly embodying
non-transitory computer-executable program instructions
thereon that, when executed, causes a computing device to:
(a) incorporate the record changes 1n the collection of record
changes 1nto:
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(1) the collection of mput records, thereby producing
revised input records, and
(1) the collection of verified records, thereby producing
first revised verified records, and
(111) the collection of test records, thereby producing first
revised test records;
(b) create a proposed cluster membership for each of the
input records in the revised iput records using the model,
thereby producing proposed clusters;
(c) selecting a sample of the input records from the revised
input records to add to the first revised test records, using the
first revised verified records, thereby producing second

revised test records:
(d) display to a user, on a user interface display, the

following records:

(1) the test records 1n the second revised test records that

are 1n need of verification,

(11) the records 1n the proposed clusters whose proposed

cluster membership 1s a related cluster, and

(111) the records 1n the first revised verified records whose

verified cluster membership 1s a related cluster;
(e) receive user indications, via the user interface display, for
one or more of the records displayed in the user interface
display, regarding whether the records are members of a
cluster:
(1) create, based on the user indications 1n step (e), second
revised verified records and current clusters, the current
clusters being the record clustering; and
(g) compute estimated accuracy metrics for the record
clustering with confidence intervals from the second revised
test records, using the proposed clusters, and the second
revised verified records.

9. The computer program product of claim 8 wherein the
sample of the input records 1s selected by stratified sampling.

10. The computer program product of claim 9 wherein the
strata used i1n stratified sampling are defined by record
creation time.

11. The computer program product of claim 9 wherein a
new stratum to be used in the stratified sampling 1s created
when the number of records added since the most recent
stratum end timestamp 1s over a threshold of the total record
count before the most recent stratum end timestamp.

12. The computer program product of claim 8 wherein the
estimated clustering metrics are record-based precision and
recall.

13. The computer program product of claim 8 wherein the
s1ze of the sample: of the mput records 1s determined by a
verification budget.

14. The computer program product of claim 8 wherein test
records 1n need of verification includes test records where
the most frequent verified record cannot be determined.
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